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ABSTRACT

The present paper summarizes the methodologies used at the European Centre for Medium-Range
Weather Forecasts (ECMWF), the Meteorological Service of Canada (MSC), and the National Centers for
Environmental Prediction (NCEP) to simulate the effect of initial and model uncertainties in ensemble
forecasting. The characteristics of the three systems are compared for a 3-month period between May and
July 2002. The main conclusions of the study are the following:

e the performance of ensemble prediction systems strongly depends on the quality of the data assimilation
system used to create the unperturbed (best) initial condition and the numerical model used to generate

the forecasts;

uncertainties on forecast errors; and

a successful ensemble prediction system should simulate the effect of both initial and model-related

e for all three global systems, the spread of ensemble forecasts is insufficient to systematically capture
reality, suggesting that none of them is able to simulate all sources of forecast uncertainty.

The relative strengths and weaknesses of the three systems identified in this study can offer guidelines for
the future development of ensemble forecasting techniques.

1. The need for ensemble prediction

The weather is a chaotic system: small errors in the
initial conditions of a forecast grow rapidly and affect
predictability. Furthermore, predictability is limited by
model errors linked to the approximate simulation of
atmospheric processes of the state-of-the-art numerical
models. These two sources of uncertainty limit the skill
of single, deterministic forecasts in an unpredictable
way, with days of high/poor quality forecasts followed
by days of poor/high quality forecasts. Ensemble pre-
diction is a feasible way to complement a single, deter-
ministic forecast with an estimate of the probability
density function of forecast states.

Ensemble methods are based on a statistical sam-
pling approach (Leith 1974) in which the forecast prob-
ability density function is approximated using a finite
sample of forecast scenarios. These forecasts are
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started from a sample of states drawn from a probabil-
ity density function of the initial state (which is often
implicitly estimated) to sample initial-value-related
forecast uncertainty. The ensemble forecasts are often
integrated using a variety of different (or modified) nu-
merical models with the aim of capturing model-related
forecast uncertainty as well. Methodologies for en-
semble-based data assimilation (Evensen 1994) could in
principle provide the initial conditions for ensemble
systems, but this has not yet been applied operationally
at weather prediction centers. Similarly, diagnostics of
multimodel ensembles could be used to assess the qual-
ity of different aspects of numerical weather prediction
models (Houtekamer and Lefaivre 1997).

The focus of this work is on the more mature area of
medium-range ensemble prediction. It is thought that
the evolution of forecast uncertainty originated from
initial condition errors can be described fairly well with
available numerical prediction models. This is done in
the operational ensemble prediction systems (EPSs) of
different centers. Opinions diverge, however, on how to
best describe the distribution of the initial errors and on
how to subsequently sample that distribution. Three fairly
different methods to generate an ensemble of initial con-
ditions are currently in use at operational centers.
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At the National Centers for Environmental Predic-
tion [NCEP; formerly the National Meteorological
Center (NMC)], Toth and Kalnay (1993) introduced
the bred-vector (BV) perturbation method. This
method, discussed later in more detail, is based on the
argument that fast-growing perturbations develop natu-
rally in a data assimilation cycle and will continue to
grow as short- and medium-range forecast errors. A
similar strategy has been used at the European Centre
for Medium-Range Weather Forecasts (ECMWF). In-
stead of bred vectors, however, ECMWF uses a singu-
lar vector (SV)-based method to identify the directions
of fastest growth (Buizza and Palmer 1995; Molteni et
al. 1996). Singular vectors maximize growth over a fi-
nite time interval and are consequently expected to
dominate forecast errors at the end of that interval and
possibly beyond. Instead of using a selective sampling
procedure, the approach developed at the Meteorologi-
cal Service of Canada (MSC) by Houtekamer et al.
(1996a) generates initial conditions by assimilating ran-
domly perturbed observations, using different model
versions in a number of independent data assimilation
cycles. This Monte Carlo-like procedure is referred to
here as the perturbed-observation (PO) approach.

Quantitative comparisons of the bred-vector-, singu-
lar-vector-, and perturbed-observation-based en-
sembles have been so far performed in simplified envi-
ronments only. Houtekamer and Derome (1995) com-
pared the different strategies of ensemble prediction in
a simplified environment consisting of a simulated ob-
servational network and the three-level quasigeo-
strophic T21 model of Marshall and Molteni (1993).
They compared the quality of the ensemble mean fore-
casts and found that, although the basic concepts of the
three ensemble prediction methods were rather differ-
ent, the results were quite comparable. They recom-
mended the use of bred-vector ensembles because of
the relative ease of their implementation. The results
from this and other simple model experiments (see,
e.g., Hamill et al. 2000), however, are difficult to gen-
eralize since it is hard to know if all factors that are
important for operational forecasts have been ac-
counted for properly. Therefore a comparative analysis
of the actual forecasts generated by the three opera-
tional systems is desirable for planning future develop-
ments.

Forecast errors in real-world applications arise not
only because of initial errors, but also because of the
use of imperfect models. Representing forecast uncer-
tainty related to the use of imperfect models is thought
to be of an even greater challenge than simulating ini-
tial-value-related errors. As described in the next sec-
tion, the three centers follow rather different ap-
proaches in this respect as well.

For a better understanding of the differences and
similarities between them, the main characteristics of
the ensemble systems operational in 2002 at ECMWF,
MSC, and NCEP are presented in section 2. The per-
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formance of the three ensemble systems are then quan-
titatively compared in section 3 for a 3-month period
(May—-June-July 2002), with an attempt to highlight
how the different designs lead to different performance
characteristics of the ensemble forecasts. It should be
noted that for ease of comparison the quantitative
analysis is based on a subset of the ensemble systems
that includes only 10 perturbed and 1 unperturbed
member starting at 0000 UTC. Possible future direc-
tions are discussed in section 4 and conclusions are
drawn in section 5.

2. Ensemble prediction at ECMWF, MSC, and
NCEP

Schematically, the main sources of forecast errors
can be classified as follows:

e observations (incomplete data coverage, representa-
tiveness errors, measurement errors);

e models (errors due to, e.g., the parameterization of
physical processes, the choice of closure approxima-
tions, and the effect of unresolved scales);

o data assimilation procedures (errors due to, e.g., the
use of a background covariance model that assumes
isotropy and the lack of knowledge of the back-
ground errors);

« imperfect boundary conditions (e.g., errors due to the
imperfect estimation and description of roughness
length, soil moisture, snow cover, vegetation proper-
ties, and sea surface temperature).

Formally, an ensemble forecast system is represented
by a set of numerical integrations

T
e;(T) = ef0) + J' [Pi(e;, 1) + Aj(e, 0]dt, (1)
=0
where Pj(e, 1) denotes the model tendency due to pa-
rameterized physical processes (turbulence, moist pro-
cesses, orographic effect) as used for member j; A;(e; 1)
denotes the tendency due to the other simulated pro-
cesses (pressure gradient force, Coriolis, horizontal dif-
fusion); and ¢;(0) is the initial state.
In the MSC Monte Carlo approach, initial perturba-
tions are generated by running separate data assimila-
tion cycles:

ej(o) = E[ej(71)7 o(ty, 1) + doj, P, Aj], 2)

where (7, 7,) is the time spanned during each assimi-
lation cycle, o(7;, 7,) and 80; denote the vector of ob-
servations and corresponding random perturbations,
and EJ. ., ..,..] denotes the data assimilation process.
Note that each assimilation cycle depends on the model
used in the assimilation.

In contrast, NCEP and ECMWEF initial ensemble
states are created by adding either bred or singular vec-
tors de;(0) to the best estimate of the atmosphere at an
initial time e, (0) that is produced by a high-resolution
three- or four-dimensional data assimilation procedure:
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TABLE 1. Summary of ensemble characteristics as of Jul 2002.
MSC ECMWF NCEP

P; (model uncertainty) 2 models + different

P; = P, (single model) P; = P, (single model)

physical parameterizations

dP; (random model error)

Af

0; (observation error)

e; (initial uncertainty)

Horizontal resolution HRES forecast
Horizontal resolution control forecast

2 models

Random perturbations

e; from analysis cycles

100 km

T, 149; not available
for this study

Horizontal resolution perturbed T, 149
members

Vertical levels (control and perturbed 23 and 41, 28
members)

Top of the model 10 hPa

No. of perturbed members 16

Forecast length 10 days

Daily frequency 0000 UTC

Operational implementation Feb 1998

dP; = r; X P; (stochastic
physics)
A; = A, (single model)

e; = ey + de(SV)

dP, =0
A; = A, (single model)

e, =ey + dei(BV)
— T170(d0-7.5) > T126(d7.5-16)
T, 255 (d0-10) T126(d0-3.5) > T62(d3.5-16)

T, 255 (d0-10) T126(d0-3.5) > T62(d3.5-16)

40 28

10 hPa 3 hPa

50 10

10 days 16 days

1200 UTC 0000 and 1200 UTC
Dec 1992 Dec 1992

eo(0) = Eley(t), o(7y, 75), Py, Ao,
ej(O) = ¢4(0) + dej(O).

(3a)
(3b)

The main characteristics of the three global opera-
tional systems as of summer 2002 are summarized in
Table 1 and are further discussed below.

a. The singular-vector approach at ECMWF

The ECMWEF SV approach (Buizza and Palmer 1995;
Molteni et al. 1996) is based on the observation that
perturbations pointing along different axes of the phase
space of the system are characterized by different am-
plification rates. Given an initial uncertainty, perturba-
tions along the directions of maximum growth amplify
more than those along other directions. For defining
the SVs used in the ECMWF Ensemble Prediction Sys-
tem (EC-EPS), growth is measured by a metric based
on total energy norm. The SVs are computed by solving
an eigenvalue problem defined by an operator that is a
combination of the tangent forward and adjoint model
versions integrated during a time period named the op-
timization time interval. The advantage of using singu-
lar vectors is that if the forecast error evolves linearly
and the proper initial norm is used, the resulting en-
semble captures the largest amount of forecast-error
variance at optimization time (Ehrendorfer and Tribbia
1997).

The EC-EPS has been part of the operational suite
since December 1992. The first version, a 33-member
T63L19 configuration (spectral triangular truncation
T63 with 19 vertical levels; Palmer et al. 1993; Molteni
et al. 1996) simulated the effect of initial uncertainties
by the introduction of 32 perturbations that grow rap-
idly during the first 48 h of the forecast range. In 1996
the system was upgraded to a 51-member T;159L31
system (spectral triangular truncation T159 with linear

grid; Buizza et al. 1998). In March 1998, initial uncer-
tainties due to perturbations that had grown during the
48 h prior to the starting time (evolved singular vectors;
Barkmeijer et al. 1999) were also introduced. In Octo-
ber 1998, a scheme to simulate model uncertainties due
to random model error in the parameterized physical
processes was added (Buizza et al. 1999). In October
1999, following the increase of the number of vertical
levels in the data assimilation and high-resolution de-
terministic model from 31 to 60, the number of vertical
levels in the EPS was increased from 31 to 40. In No-
vember 2000, the EPS resolution was increased to
T 255140 (Buizza et al. 2003), with initial conditions
for the unperturbed forecast (the control) interpolated
from the upgraded T, 511160 analysis. This most recent
upgrade coincided with an increase of resolution of the
ECMWEF data assimilation and high-resolution deter-
ministic forecast from T; 319160 to T, 511L60.

The 51*T;255L40 EC-EPS included one “control”
forecast started from the unperturbed analysis (inter-
polated to the lower ensemble resolution), and 50 ad-
ditional forecasts started from perturbed analysis fields.
These perturbed fields were generated by adding to/
subtracting from the unperturbed analysis a combina-
tion of the dynamically fastest-growing perturbations
(defined by the total energy as a measure of growth)
computed at T42L40 resolution to optimize growth dur-
ing the first 48 h of the forecast range, scaled to have an
amplitude consistent with analysis error estimates.
Three sets of fastest-growing perturbations are used in
the ECMWEF-EPS, located to have maximum growth in
the Northern and Southern Hemisphere extratropics,
and in the Tropics. Linear/adjoint moist processes are
used to compute the tropical singular vectors (Bark-
meijer et al. 2001), but the extratropical fastest-growing
perturbations are still computed without linear/adjoint
moist processes: work is in progress at ECMWF to
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change the linear/adjoint models to include them in the
extratropical singular-vector computation (Coutinho et
al. 2004). Since April 2003 the EPS has been running
twice a day, with 0000 and 1200 UTC initial times.

Formally, each member of the EC-EPS is defined by
Eq. (1) with the same model version

T

e]»(T) = e]-(O) + f—o [P(ejs H+ dP_/(e_p )+ A(e_,', n]dt,

(4a)

with randomly perturbed tendencies

dPlejA, &, D] = (r;(X, P10 " Pleys 1),

where (A, ¢) are the gridpoint longitude and latitude,
and (.. .);06 indicates that the same random number 7;
is used inside a 10° box and a 6-h time window (see
Buizza et al. 1999 for more details). The initial pertur-
bations de;(0) are defined as

(4b)

dej(o) =A-SVautB-SVsu + C-SVye, (40
where for each geographical region [Northern and
Southern Hemisphere extratropics (NH and SH, re-
spectively) and Tropics (TC)] the coefficients of the
linear combination matrices are set by comparing the
singular vectors with analysis error estimates given by
the ECMWF four-dimensional data assimilation
(4DVAR) scheme (see Molteni et al. 1996 for more
details). The Northern/Southern Hemisphere singular
vectors are computed to maximize the day-2 total en-
ergy north/south of 30°/—30°N, while the tropical sin-
gular vectors are computed to maximize the day-2 total
energy inside a region that includes any tropical distur-
bance present at the analysis time (Barkmeijer et al.
2001).

b. The MSC perturbed-observation approach

The MSC perturbed-observation approach attempts
to obtain a representative ensemble of perturbations by
comprehensively simulating the behavior of errors in
the forecasting system. Sources of uncertainty that are
deemed to be significant are sampled by means of ran-
dom perturbations that are different for each member
of the ensemble. Because the analysis and forecast pro-
cess is repeated several times with different random
input, the perturbed-observation method is a classic ex-
ample of the Monte Carlo approach. Arguments for the
use of nonselective, purely random ensemble perturba-
tions are presented in Houtekamer et al. (1996b) and
by Anderson (1997).

In the first version of the MSC-EPS, implemented
operationally in February 1998, all eight members used
the Spectral Finite Element model at resolution T; 95
(Ritchie and Beaudoin 1994) and an optimal interpo-
lation data assimilation system (Mitchell et al. 1996).
The members used different sets of perturbed observa-
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tions, different versions of the model, and different sub-
sets of perturbed surface fields.

Perturbing the observations is straightforward in
principle. An estimate of the error statistics is available
for each observation that is assimilated with the optimal
interpolation method. Random numbers, with Gauss-
ian distribution, can subsequently be obtained from
these estimates using a random number generator.
Here the Gaussian distribution has zero mean and error
(co) variance as specified in the optimal interpolation
scheme. It should be noted though that the resulting
perturbations have subsequently been multiplied with a
factor of 1.8 in order to inflate the ensemble spread and
thus compensate for an insufficient representation of
model error.

To account for model error, experts on the model
physics were consulted as to what physical parameter-
izations were of similar quality (Houtekamer and Le-
faivre 1997). The selected physical parameterizations
were state-of-the-art at the time of the implementation
of the MSC-EPS. In addition to the models and obser-
vations, the surface boundary conditions are also a
source of errors, though perhaps less significant than
the other two error sources. The associated uncertainty
is represented in the MSC-EPS by adding time-constant
random perturbation fields to the boundary fields of
sea surface temperature, albedo, and roughness length.

In August 1999, the size of the MSC-EPS was
doubled to 16 members. Since then, the eight additional
members have been generated using the newly devel-
oped Global Environmental Multiscale (GEM) model
(Coté et al. 1998). Furthermore, updated versions of
physical parameterizations have been used for the eight
members that use the GEM model. The use of two
different dynamical models led to a much better sam-
pling of the model-error component. Improvement was
noted in particular in the spread/skill correlation and
the rank histograms for 500-hPa geopotential (not
shown).

In 2001, it became possible to increase the horizontal
resolution (Pellerin et al. 2003). The spectral resolution
of the eight members that use the Spectral Finite Ele-
ment model was increased from T, 95 to T} 149, and the
resolution of the eight members that use the GEM
model increased from a 2° to a 1.2° uniform grid. This
was possible because of an increase in computational
resources at MSC.

Note that no additional data assimilation cycles are
run for the new members introduced in 1999: instead,
the eight additional initial conditions for the medium-
range forecasts are obtained by means of a correction
(Houtekamer and Lefaivre 1997) toward the opera-
tional deterministic high-resolution 3D variational
analysis of the Canadian Meteorological Centre (CMC)
(Gauthier et al. 1999). Since the high-resolution analy-
sis is of higher quality than the lower-resolution en-
semble mean optimal interpolation analysis, the correc-
tion is such that the 16-member initial ensemble mean
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state is a weighted mean of the high-resolution analysis
and the original 8-member ensemble mean analysis.

It should be noted that the relative weights of the
low-resolution ensemble mean and the high-resolution
deterministic analysis were determined at a time when
both analyses were performed with an optimal interpo-
lation procedure. Since then the low-resolution en-
semble mean analyses have been obtained with a fairly
stable configuration whereas the deterministic analysis
improved significantly. The way in which these analyses
are combined is due for a reevaluation.

One of the difficulties of the MSC-EPS approach is
that a significant manpower investment is required to
operationally maintain the system at a state-of-the-art
level, since this involves a continuous reevaluation, ad-
justment, correction, and replacement of data assimila-
tion and modeling algorithms by more suitable or ac-
ceptable procedures. It is more difficult to maintain a
multimodel ensemble, especially during periods of
hardware replacements.

c. The NCEP bred-vector approach

The NCEP bred-vector approach is based on the no-
tion that analysis fields generated by data assimilation
schemes that use NWP models to dynamically propa-
gate information about the state of the system in space
and time will accumulate growing errors by the virtue
of perturbation dynamics (Toth and Kalnay 1993,
1997). For example, based on 4DVAR experiments
with a simple model, Pires et al. (1996) concluded that
in advanced data assimilation systems the errors at the
end of the assimilation period are concentrated along
the fastest-growing Lyapunov vectors. This is due to the
fact that neutral or decaying errors detected by an as-
similation scheme in the early part of the assimilation
window will be reduced, and what remains of them will
decay due to the dynamics of such perturbations by the
end of the assimilation window. In contrast, even if
growing errors are reduced by the assimilation system,
what remains of them will, by definition, amplify by the
end of the assimilation window. These findings have
been confirmed in a series of studies using assimilation
and forecast systems of varying complexity (for a sum-
mary, see Toth et al. 1999).

The breeding method involves the maintenance and
cycling of perturbation fields that develop between two
numerical model integrations, practically amounting to
the use of a “virtual” nonlinear perturbation model.
When its original form is used with a single global re-
scaling factor, the BVs represent a nonlinear extension
of the Lyapunov vectors (Boffetta et al. 1998). For en-
semble applications, the bred vectors are rescaled in a
smooth fashion to follow the geographically varying
level of estimated analysis uncertainty (Iyengar et al.
1996). In NCEP operations, multiple breeding cycles
are used, each initialized at the time of implementation
with independent arbitrary perturbation fields (“seeds”).
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The perturbed-observation and the bred-vector
methods are related in that they both aim at providing
a random sample of analysis errors. One difference is
that while the perturbed-observation method works in
the full space of analysis errors, the bred-vector method
attempts to sample only the small subspace of the fast-
est-growing errors. The bred-vector approach is also
related to the singular-vector approach followed at
ECMWEF in that both methods aim at sampling the fast-
est-growing forecast errors. The difference between
these two methods is that while the breeding technique
attempts to provide a random sample of growing analy-
sis errors, the singular vectors give a selective sample of
perturbations that can produce the fastest linear growth
in the future.

The use of closure schemes in NWP models result in
random model errors that behave dynamically like ini-
tial-value-related errors (Toth and Vannitsem 2002).
These random model errors are simulated in the NCEP
ensemble in a crude fashion by setting the size of the
initial perturbations at a level somewhat higher than
the estimated uncertainty present in the analysis fields.
While the larger initial spread in the NCEP ensemble
slightly hinders performance in the short lead-time
ranges, it improves performance in the medium- and
extended ranges (Toth and Kalnay 1997).

NCEP produces 10 perturbed ensemble members
both at 0000 and 1200 UTC every day out to 16-days
lead time. For both cycles, the generation of the initial
perturbations is done in five independently run breed-
ing cycles, originally started with different arbitrary
perturbations, using the regional rescaling algorithm.
The initial perturbations are centered as positive—
negative pairs around the operational high resolution
(at the time of the study period, T170L42) NCEP analy-
sis field, truncated to T126L.28 (Toth et al. 2002; Caplan
et al. 1997). The ensemble forecasts are integrated at
this spatial resolution out to 84 h, at which point the
forecasts are truncated to, and for computational effi-
ciency integrated at a lower, T62L28 resolution. For
both cycles, the ensemble forecasts were comple-
mented by a higher-resolution control forecast
(T170L42 up to 180 h, then truncated to T62L.28)
started from the high-resolution operational analysis.
At 0000 UTC, a second control forecast with the same
spatial resolution as the perturbed forecasts is also gen-
erated.

Formally, each member of the NCEP-EPS is defined
by Eq. (1) with the same model version P being used for
all members and with initial perturbations de;(0) de-
fined as

de;(0) = RR - BV, (5)

The coefficients RR of the linear combination matri-
ces in Eq. (5) are defined by the regional rescaling al-
gorithm (Toth and Kalnay 1997).






















































